Background. Self-regulated learning (SRL) models position metacognitive monitoring as central to SRL processing and predictive of student learning outcomes (Winne & Hadwin, 2008; Zimmerman, 2000) . A body of research evidence also indicates that depth of strategy use, ranging from surface to deep processing, is predictive of learning performance.
tandem (Winne & Hadwin, 2008; Zimmerman, 2013) . However, much of the previous empirical research on these processes has focused on their predictive utility in isolation; only recently have researchers begun exploring how monitoring and control processes contingently interact to influence performance (Ben-Eliyahu & Bernacki, 2015; Binbasaran T€ uys€ uzo glu & Greene, 2015) .
A separate body of research has consistently shown that the depth of strategy learners employ, ranging from surface strategies (e.g., rereading) to more complex deep strategies (e.g., knowledge elaboration), is also predictive of learning outcomes across contexts and academic domains (Cano, 2007; Dinsmore & Alexander, 2016; Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013) . Models of SRL suggest that metacognitive monitoring processes should relate to the depth of strategy use learners employ when engaging independently with online material, but there has been little research to date on these contingent relations, or how such relations predict learning outcomes (Dinsmore & Alexander, 2012; Dinsmore, Loughlin, Parkinson, & Alexander, 2015) .
Further, despite early calls for investigations of how SRL processing may vary by academic domain or context (Alexander, 1995) , only recently have researchers begun empirical investigations of such differences (e.g., Greene et al., 2015) . Such work suggests that surface-level strategy use predicts poorer academic outcomes than deepstrategy use, across science and history domains, but also that the predictive validity of metacognitive monitoring can differ by domain. To our knowledge, there has been no research on whether the posited relations among metacognitive monitoring, depth of strategy use, and performance are consistent across multiple academic disciplines, indicating an important direction for research.
Therefore, there is a need for more research on the relations among metacognitive monitoring and the depth of learners' strategy use when learning online, how those two factors relate and predict academic outcomes, and whether such relations hold across disciplinary contexts. For this study, we conducted secondary data analysis of think-aloud protocol (TAP; Ericsson & Simon, 1993 ) data gathered to measure participants' SRL processes, as well as learning performance data, from two studies, one in a science context and one in a history context. Prior research with this data showed SRL processing predicted academic performance. In this study, we delved into this SRL processing, investigating whether metacognitive monitoring related to depth of strategy used, and whether both processes predicted learner performance. Such an investigation has the potential to elucidate critical issues in the SRL and strategy use literatures, specifically whether it is important to investigate SRL processing (e.g., metacognitive monitoring, level of strategy use) in tandem, rather than separately. Such findings would suggest a need for SRL interventions that teach students how to enact these processes in relation to one another (e.g., Cleary, Platten, & Nelson, 2008; Harris, Graham, & Adkins, 2015) .
Self-regulated learning Self-regulated learning is the series of processes learners use to "activate and sustain cognitions, affects, and behaviours" (Zimmerman & Schunk, 2011, p. 1) in order to attain personal learning goals. Multiple models of SRL exist; however, they are consistently grounded in four premises (Pintrich, 2000) . The first is that learners actively participate in their own learning. The second is that they possess the ability and desire to monitor, regulate, and control their own motivations and cognitions. Additionally, learners base evaluations of their progress and success against a goal. Finally, SRL processes are typically described as mediating the relationships between contextual, and personal, characteristics and academic outcomes. Typically, models of SRL describe a phased process that includes active, thoughtful processing before learning (e.g., planning), during learning (e.g., monitoring progress towards goals, changing strategies when warranted), and after learning (e.g., evaluating efficacy and efficiency of learning). Metacognitive monitoring and control are essential to SRL as learners assess their processing during each phase to evaluate the efficacy of their current learning path, including which strategies to continue or discontinue using (Greene & Azevedo, 2007; Winne, 2001) .
The majority of empirical research on SRL has involved examinations of the predictive validity of particular SRL processes (e.g., metacognitive monitoring, practice testing) in isolation from one another (Adesope, Trevisan, & Sundararajan, 2017) , or in aggregate (e.g., Cleary & Kitsantas, 2017) , rather than in relation to one another. More research is needed regarding contingent relations between metacognitive monitoring and control of strategies (Ben-Eliyahu & Bernacki, 2015) . Learners who more accurately assess their understanding (i.e., calibration; Alexander, 2013; Dunlosky & Thiede, 2013; Reid et al., 2017) are more likely to recognize when ineffective strategies are hampering their progress, and more likely to enact metacognitive control to select more effective strategies (Winne, 2001) . Indeed, recent research has shown that when college students monitored their learning and determined they did not understand material, those who changed their learning strategy (i.e., enacting metacognitive control) outperformed those who continued with the same learning strategy (Binbasaran T€ uys€ uzo glu & Greene, 2015) . These findings suggest the need for further research into how the efficacy of metacognitive monitoring relates to the frequency, and kinds, of strategies learners invoke.
Depth of strategy use A body of research evidence indicates that one particularly important set of decisions learners make throughout the SRL process, the depth of learning strategies they enact (i.e., surface or deep strategies), affects academic outcomes (Cano, 2007; Dinsmore, 2017) . Consistently, across a variety of contexts and learning outcomes, deeper strategies, such as elaborating on content with the learner's own prior knowledge, are more effective than surface strategies such as rereading or highlighting . Despite this support, some recent evidence (e.g., Dinsmore & Alexander, 2012) has indicated that a learner's depth of processing may not be consistent across learning contexts or academic domains (Dinsmore & Alexander, 2016) . Likewise, assumptions that deeper processing always produces better outcomes across academic tasks fail to account for individual learner characteristics or task-specific factors, including the academic domain of the task. Dinsmore and Alexander (2016) examined whether the relationship between depth of strategic processing and learning was moderated by prior knowledge and text type. They found high prior knowledge students learned more when using deep strategies, whereas low prior knowledge students seemed to perform better using more surface strategies, or a mix of surface and deep strategies. These findings suggest that depth of processing effects on learning are conditional on individual difference factors. Overall, their findings indicated that deep processing does not necessarily lead to better outcomes given the influence of individual difference factors and learning contexts. Likewise, the achievement task itself can moderate the efficacy of strategies, as Bebko, Rhee, McMorris, and Ncube (2015) showed that surface-level strategies predicted recall, whereas Anmarkrud, Br aten, and Strømsø (2014) showed deep-level strategies predicted better argumentation performance.
Domain specificity of SRL and strategy use
The SRL and strategy use literatures evolved from largely domain-independent roots in metacognition and cognitive strategy literatures (Alexander, Dinsmore, Parkinson, & Winters, 2011; Dinsmore, Alexander, & Loughlin, 2008) . From this fundamental research came insights regarding the somewhat non-intuitive nature of human learning (cf. Bjork, Dunlosky, & Kornell, 2013) , specifically regarding how learners were often miscalibrated when it came to what they did and did not know (Dunlosky & Thiede, 2013) , as well as what kinds of strategies were most effective for long-term recall and understanding . These findings derived largely from context-free laboratory studies, where learners were asked to recall pairs of unrelated words, or comprehend short passages of text outside of the context of larger disciplinary standards and learning outcomes (Goldman et al., 2016) . The evolution of research in SRL and strategy use has shifted towards investigations of the most effective SRL processes and learning strategies by discipline (e.g., science, history, mathematics). Such research can and should proceed along two ways of conceptualizing domain specificity. First, it may be that the most effective 'deep' learning strategies fundamentally differ across academic disciplines. For example, the control of variables strategy that is an extremely necessary but not sufficient strategy in science (Kuhn, 2016; Zohar & Barzilai, 2013) plays little role in history, whereas strategies such as historical perspective taking and establishing chronology are similarly unique but powerful discipline-specific tools (Carretero & Lee, 2014; Poitras & Lajoie, 2013) .
Second, there is also value in investigating whether common aspects of SRL (e.g., planning, monitoring) and strategy use (e.g., self-testing, elaboration), and the posited relations among them, hold across disciplinary contexts where the fundamental task is similar, such as learning from text. Again, the limited research on this type of domain specificity suggests that enacting particular processes in each phase of SRL (i.e., planning, monitoring progress towards goals, evaluating) can be important regardless of disciplinary context (Greene, Bolick, & Robertson, 2010; Greene et al., 2015; Rotgans & Schmidt, 2009 ), but it is not clear whether learners' contingent behaviours differ across such contexts. For example, the posited relationship between monitoring and depth of processing should be tested across multiple disciplinary contexts; evidence of consistent relations across contexts would provide support for developing domain-general SRL interventions stressing such contingencies, whereas evidence of domain specificity would be equally informative for more domain-specific interventions.
The present study The current literature on SRL and depth of strategy use suggests the need for investigations of how they relate to one another to predict learning, and whether the predictive validity of metacognitive monitoring and strategy use holds across academic contexts. To investigate these questions, we utilized existing data gathered using TAPs (Greene, Robertson, & Costa, 2011) . TAPs require participants to speak aloud continuously as they engage in learning. Transcripts of these learning events are transcribed and analysed providing a unique capture of learning in action. One key aspect of analysing TAP data is the development of a robust and tested coding scheme (Greene, Robertson, et al., 2011) . The TAP data analysed in this study were coded using a scheme developed by Azevedo, Cromley, Greene, Moos, and colleagues (cf. Azevedo, Cromley, & Seibert, 2004 for its origins), which has been successfully used and shown to be predictive of learning across many studies and contexts (e.g., Azevedo, Cromley, Winters, Moos, & Greene, 2005; Greene et al., 2015; Moos & Azevedo, 2008) .
In the present study, we used two data sets from separate studies (Greene, Costa, Robertson, Pan, & Deekens, 2010; Greene, Bolick, et al., 2010) , each of which included TAP data gathered as participants engaged in a learning task while using a computer-based learning environment. One set of data was gathered as college students learned about a science topic, and the second as high school students learned about a history topic, allowing for investigation into how two distinct populations of learners enacted SRL, and specific types of strategies, across academic domains but while engaged in a similar task, learning from text. We analysed these data to investigate relationships between (1) the frequency of metacognitive monitoring and the utilization of deep or surface strategies, (2) frequency of metacognitive monitoring and depth of processing with academic performance, and (3) whether these relations held across learning tasks from two academic domains, science and history.
Specifically, SRL theory suggests that individual characteristics, such as prior knowledge in a domain, should predict the frequency of metacognitive monitoring (Dunlosky & Thiede, 2013) . Both prior knowledge and the frequency of metacognitive monitoring should be positively related to deep-strategy use, and not related, or negatively related, to surface-strategy use (Dinsmore, 2017) . More knowledgeable learners, and learners who monitor their learning more often, should recognize the efficacy of deepstrategy use and the problems with surface-strategy use, making them more likely to invoke deep strategies (Winne & Hadwin, 2008) . Finally, the frequency of deep-and surface-strategy use should be the main predictors of learning performance, above and beyond the effect of prior knowledge or metacognitive monitoring . This secondary analysis extends the previous studies by investigating relations among monitoring and types of strategies, and including such relations in analyses of how prior knowledge and SRL relate to learning outcomes, rather than examining the predictive utility of monitoring and strategy use variables individually (Greene, Bolick, et al., 2010) or in aggregate (Greene, Costa, et al., 2010) .
STUDY 1 Method
This study is a secondary analysis of data collected in a previous study (see Greene, Costa, et al., 2010) .
Participants
Study participants were undergraduate students (N = 170) from a university in the southeastern United States. These students were volunteers, who received extra credit in a course for participating in the study. The students' mean age was 19.92 years (SD = 2.14), and the majority were female (i.e., 103% or 60%).
Computer-based learning environment
The participants used Microsoft Encarta (2007), a digital encyclopaedia, to learn about the circulatory system. This hypermedia-learning environment had three main articles (i.e., circulatory system, heart, and blood) that addressed the parts of the circulatory system and their purpose. Each article contained sections with text, hyperlinks, illustrations, and interactive media. Students explored these articles and any others they wished, but were not allowed to access the Internet.
Measures
The pre-test and post-test used to measure participants' prior and gained knowledge of the circulatory system were similar to those measures used in previous studies (Azevedo et al., 2004 (Azevedo et al., , 2005 Greene & Azevedo, 2007; Moos & Azevedo, 2008) . The pre-tests and post-tests contained identical questions and included matching, labelling, and essay sections. The matching section consisted of 13 terms and definitions and the labelling section had 14 components of the human heart for students to identify, both of which captured the students' declarative knowledge. The essay section was open-ended and measured the students' conceptual understanding. It prompted students to, 'Please write down everything you can about the circulatory system. Be sure to include all the parts and their purpose, explain how they work both individually and together, and also explain how they contribute to the healthy functioning of the body'. The majority of students received low-to-moderate scores on the pre-test, demonstrating low to average prior knowledge of the circulatory system. Each participant also completed a questionnaire providing demographic information and their experience in content-related courses.
Procedures
During each session, participants began by taking a pre-test on the circulatory system. Next, they were asked to 'think-aloud' verbalizing their thinking and actions as they learned about the circulatory system using Microsoft Encarta. Participants were asked to verbalize thoughts and actions rather than to explain their thoughts and actions which follows established procedures for capturing TAP data (Ericsson & Simon, 1993; Greene, Robertson, et al., 2011) . During this task, trained research assistants audio-and videorecorded the participants' verbalizations. At the conclusion of the learning task, students completed a post-test which was identical to the pre-test.
Coding and scoring
Recordings of the participants' TAP verbalizations were transcribed and coded for microlevel SRL processing (see Table 1 and Greene, Costa, et al., 2010 for a list and examples of codes). Coding for microlevel processing began by segmenting each transcript into words or group of words that represented one of the previously identified microlevel processes. For example, if a participant stated, 'I know what ventricles are' as they began the learning process, the statement would be coded as prior knowledge activation (PKA). Researchers on the previous study completed the segmenting and coding of this data using two trained researchers to independently code each transcript. Each coder reviewed, segmented, and coded each transcript then discussed and resolved any conflicts to determine the appropriate code. For this analysis, we aggregated the existing microlevel SRL monitoring data (i.e., feeling of knowing, judgement of learning, monitor progress towards goals, and monitor use of strategies), coded by previous researchers, into a macrolevel monitoring variable (see Greene, Dellinger, Binbasaran T€ uys€ uzo glu, & Costa, 2013 , for a discussion of aggregation methods). Next, we divided the existing microlevel TAP strategy codes into either deep or surface-level strategies, based on an a priori classification of strategies (see Table 1 ). For example, using prior knowledge to elaborate on content in the computer-based environment was labelled a deep strategy, whereas simply rereading was classified as a surface strategy. Deep strategies included knowledge elaboration, inferences, PKA, summarization, taking notes, reading notes, and coordinating informational sources. Surface-level strategies included drawing, memorization, rereading, and searching. Our distinctions of deep and surface relied heavily on the degree to which learners would be required to construct or transform understanding as opposed to simply encoding or rerepresenting what they encountered online (Dinsmore, 2017; . The constructive nature of taking and reviewing notes, or coordinating information sources, suggests a 'deeper' level of cognitive engagement than simply rereading or even drawing, which in this context largely involved copying pictures found in the environment.
We also measured participants' declarative knowledge by scoring the labelling and matching sections of the pre-test and post-test for accuracy. We scored each participant's essays from the pre-test and post-test using a mental model method to measure their conceptual understanding (see Greene, Costa, et al., 2010 for complete method). The method included 12 mental models that ranged from no understanding of the concept to the most complete understanding. The rubric also categorized the mental model scores into different qualitative classifications: low, intermediate, or high. Each of these levels required inclusion of additional key components of the circulatory system. For example, an intermediate score required participants to mention that the lungs play a role in blood circulation. This additional classification system allowed us to further discriminate the scores by detecting qualitative variations in the participants' conceptual knowledge. Data analysis Video data for 10 participants were lost, and one participant's handwriting was illegible on the mental model essay. Other data for these participants were included in the study due to the arbitrary nature of the data losses (Little & Rubin, 2002) . Because of this, we were able to use full information maximum likelihood (Enders, 2001 ) to include cases with partially missing data. Scores from the matching and labelling sections from the pre-tests and post-tests were treated as continuous, normally distributed variables, whereas the mental model essay scores in science were considered ordinal due to the low number of possible scoring options (i.e., 0-3). The large sample allowed us to use structural equation modelling (SEM) to investigate our posited relations.
Results Tables 2 and 3 Figure 1 ) had a statistically non-significant chi-square value, v 2 (17, N = 170) = 19.912, p = .279, a root-mean-square error of approximation (RMSEA) estimate of .032 (90% CI: 0.000, 0.080), and a Comparative Fit Index (CFI) value of 0.994, all exceeding common benchmarks for excellent data-model fit (Hu & Bentler, 1999; Kline, 2005) . Pre-test scores predicted post-test scores, as expected. However, frequency of monitoring was positively related to deep-strategy use and negatively related to surface-level strategy use, above and beyond the effect of pre-test. Likewise, deep-strategy use positively predicted post-test scores, again above and beyond the large effect of pre-test, whereas monitoring and surface-level strategy use were not statistically significantly related to post-test score. These findings provide evidence supporting our hypotheses that frequency of monitoring relates to strategy use, which in turns predicts post-test performance, controlling for prior knowledge. 
STUDY 2 Method
Participants The second study included high school students (n = 40) from a school in the southeastern United States. The students' mean age was 16.33 years (SD = 0.526), and 52.5% (i.e., 21) of them were female. Most of the students recorded low scores on the pre-test, showing overall the participants had minimal prior knowledge of the history content.
Computer-based learning environments
The researchers in the second study asked high school students to learn about the Regulator Movement using a hypermedia-learning environment called Documenting the Figure 1 . Structural equation model for study 1. Notes: Statistically non-significant paths represented with dashed lines with no path coefficient shown for clarity; error covariances between each measured knowledge variable (i.e., matching, labelling, essay) from pre-test to post-test not shown for clarity but all were statistically significant and positive; *p < .05; **p < .01; ***p < .001.
American South. Within this subset, there were nine (i.e., five text based and four image based) hypermedia pages with texts, images, and audio files related to the Regulator Movement. Similar to the first study, students could explore articles within the system, but not sources from the Internet.
Measures
The measures of the second study were similar to those of the first, in that both assessments measured declarative and conceptual knowledge. The history assessments consisted of four multiple-choice and three true-false questions (i.e., to measure declarative knowledge), as well as an open-ended essay (i.e., to measure conceptual understanding) asking participants to, 'Please write down everything you can about the Regulator Movement. Be sure to include who was active in the Movement, the actions the participants took, the purpose behind their actions, the results of their actions, and the significance of their actions. Discuss their role in history by providing contextual information about what was happening during their activities'. Each participant also completed a demographics questionnaire similar to the one issued in the first study.
Procedures
Procedures were identical to those used in the first study with the exception of the content of the learning task.
Coding and scoring
We used similar methods for the history context as those mentioned for study 1. The declarative knowledge measure was scored for accuracy, and the essay was scored using a rubric ranging from no to deep conceptual understanding, measured on a continuous scale. The macro-, deep-, and surface-level strategy use codes were identical to those from the first study. For this study, there were five additional codes not seen in study 1 (i.e., emotion regulation, emotion monitoring, self-knowledge activation, self-questioning, and control video). We decided to exclude these codes in order to keep the analysis parallel to the first study.
Data analysis
We could not transcribe two participants' audio files due to issues with audibility. Again, we used full information maximum likelihood to include cases with partially missing data given that data were missing at random (Little & Rubin, 2002) . The relatively small sample of high school students required that we investigate our hypothesized relations among monitoring, strategy use, and learning performance using path analysis rather than SEM.
Results
Tables 4 and 5 provide descriptive statistics and correlations of relevant variables, respectively. On average, participants' scores increased on both knowledge measures from pre-test to post-test. Bivariate correlations showed a strong positive relationship between essay scores at pre-test and post-test, but no statistically significant relationships between monitoring and deep-strategy use or between strategy use and any of the knowledge measures. Using Mplus 7.2, the measured variable path analysis model we fit to our data (see Figure 2 ) had a statistically non-significant chi-square value, v 2 (df = 9, N = 40) = 4.499, p = .876, a RMSEA estimate of .000 (90% CI: 0.000, 0.089), and a CFI value of 1.000, all exceeding common benchmarks for excellent data-model fit (Hu & Bentler, 1999; Kline, 2005) . Despite some paths being statistically significant, low power due to a small sample size resulted in some practically, but not statistically, significant paths in our model.
1 Findings indicated positive relations between pre-test and post-test scores, as predicted. Frequency of monitoring was not related to pre-test scores, but it did positively predict deep-strategy use and negatively predict surface-strategy use. Deepstrategy use was a positive predictor of both post-test scores. Surface-level strategy use was a positive predictor of post-test multiple-choice scores, but negatively related to posttest essay scores, controlling for pre-test scores. In sum, we found evidence supporting the positive relationship between monitoring and deep-strategy use, as well as the positive relationships between deep-strategy use and both declarative and conceptual understanding at post-test. Of note, surface-level strategy use positively predicted declarative knowledge at post-test, above and beyond the effects of pre-test scores, but was negatively related to conceptual knowledge at post-test. This suggests a role for surface-level strategy use for the acquisition of declarative, but not conceptual, knowledge (Dinsmore & Alexander, 2012) .
GENERAL DISCUSSION
Summary of findings Self-regulated learning processes are increasingly important as students continue to use the Internet as a tool for learning (Greene, Moos, et al., 2011) . Metacognitive monitoring and control are central to SRL processing, and both are predictive of improved learning outcomes (Zimmerman, 2013) . However, students sometimes use suboptimal strategies . In this study, we explored possible relationships between metacognitive monitoring and the quality of strategy use, as well as how both metacognitive monitoring and the level of strategy use predicted performance learning from text in two separate academic domains, science and history. In the science study, study 1, we found that the frequency of monitoring was statistically significantly and positively related to the frequency of deep-strategy use, which in turn was statistically significantly and positively related to post-test performance, above and beyond the effect of pre-test performance. These findings suggest that students who engaged in more monitoring tended to use more deep strategies but not surface strategies during the learning task and that these metacognitive processes resulted in better performance on the post-test. The same pattern of relations was found in the data from study 2, using path analysis rather than SEM given the relatively small sample of high school students. In sum, students engaging in better monitoring behaviour tended to use superior SRL strategies, which lead to enhanced learning. .636*** Figure 2 . Measured variable path analysis model for study 2. Notes: Statistically non-significant paths represented with dashed lines; disturbance covariance between multiple choice and essay post-test variables not shown for clarity but was statistically significant and positive; *p < .05; **p < .01; ***p < .001.
These findings suggest an interactive and contingent relationship between metacognitive monitoring and control (i.e., level of strategy use). As would be expected given SRL models and calibration work (Ben-Eliyahu & Bernacki, 2015; Dunlosky & Thiede, 2013; Winne, 2001) , the more learners invoke monitoring, the more likely it is they realize the need for better strategies, and then implement them. While we cannot make claims of causality, we recognize a meaningful relationship between these constructs, and gain confidence in these findings because they held across two academic domains and samples.
Limitations
There were several limitations common to both studies. For example, both studies were non-experimental, which precluded making causal inferences. We also used identical measures for the pre-test and post-tests within each study, which was justified due to the nature of the content, but could have led to testing effects or provided cues to the students on what they should learn in the hypermedia-learning environments. Further, despite showing similar relations across two different contexts, more research is needed before we can make any strong claims about these relations being common to all computer-based learning environments. Additionally, the two studies differed not only in the number of participants and the academic domain of the task but also in the educational attainment of the students. Study 1 participants were college students, while study 2 participants were still in high school. This limited potential comparisons between the two samples. Finally, the small sample size of study 2 limited our power to find statistical significance and therefore further limits any inferences made from our findings.
Implications for research and practice Our findings have implications for both theory and educational practice. First, these findings support claims made in SRL models about the relations among monitoring, deepstrategy use, and performance. Conceptual understanding is more likely when students engage in more frequent monitoring and deep-strategy use. Second, these findings contribute to the growing literature on SRL functioning across disciplinary contexts and samples. Despite the need for further investigations of the domain specificity of SRL and strategy use (i.e., both in terms of the kinds of processes and strategies invoked and their predictive validity), our findings support continued study of contingent relations among aspects of SRL and strategy use (Ben-Eliyahu & Bernacki, 2015) . Finally, our findings suggest a degree of similarity in the predictive validity of monitoring and strategy use that could be used to develop SRL interventions for a variety of contexts and samples. Metacognitive monitoring and deep strategy should be taught in tandem, to increase the likelihood of learners enacting both.
Future directions
Our study has several implications for future research. First, similar studies need to be conducted in other contexts. This includes other learning tasks within science and history (e.g., enquiry tasks), but also other subject areas. Further, to elucidate these contingent relations, researchers could study how monitoring affects depth of strategy use and performance across varied educational samples, using a more similar task. SRL theory suggests that college students often have more prior knowledge of content and SRL than middle and high school students and are therefore more likely to effectively regulate their learning (Zimmerman, 2013) . Considering this, researchers could also study how the relationships between monitoring, level of strategy used, and performance change over time for individual learners. To our knowledge, longitudinal, within-subjects research such as this is currently absent from the literature and could provide important information about how monitoring skills and strategy use develop together over time. Our findings derived from students learning in particular hypermedia-learning environments. Future research is needed on these relationships in other environments, including other computer-based learning environments, classrooms, and informal learning settings. There is a clear need for SRL interventions that support students' use of metacognitive processes and deep-level strategies. Finally, studies integrating sequential analyses to uncover patterns of how different strategies (i.e., both deep-and surface-level) follow instances of monitoring would be an excellent addition to the field.
